Myoelectric hand prostheses are usually controlled with two bipolar electrodes located on the flexor and extensor muscles of the residual limb. With clinically established techniques, only one function can be controlled at a time. This is cumbersome and limits the benefit of additional functions offered by modern prostheses. Extensive research has been conducted on more advanced control techniques, but the clinical impact has been limited, mainly due to the lack of reliability in real-world conditions. We implemented a regression-based control approach that allows for simultaneous and proportional control of two degrees of freedom and evaluated it on five prosthetic end users. In the evaluation of tasks mimicking daily life activities, we included factors that limit reliability, such as tests in different arm positions and on different days. The regression approach was robust over multiple days and only slightly affected by changing in the arm position. Additionally, the regression approach outperformed two clinical control approaches in most conditions.
INTRODUCTION
A missing hand after amputation usually maintains its representation in the motor cortex, and most patients perceive their lost limb as if it was still present (1) . Activating this so-called phantom hand causes contractions of the residual muscles in the stump, which can be detected by myoelectric potentials on the surface of the skin and used to control a prosthesis. Accordingly, electrically powered hand prostheses are typically controlled by two electromyographic (EMG) signals recorded from the residual limb. In conventional control, which has been commercially and clinically available since the 1960s (2), two bipolar EMG electrodes are integrated in the prosthetic socket at the flexors and extensors of the residual limb and used to proportionally control the velocity of closing and opening the prosthesis. This two-channel control is limited to one degree of freedom (DOF) at a time. To control more DOFs, the active DOF can be switched by a co-contraction or other heuristics (3) , which are timeconsuming or counterintuitive and do not allow for simultaneous control of multiple DOFs.
To overcome the limitations of conventional two-channel control, various machine-learning techniques have been proposed to extract control information from a greater number of channels (typically 4 to 10) (4-6). Most proposed approaches are based on signal classification that assigns EMG features to a discrete set of motions (7) (8) (9) . This basic on/off control can be extended by including the proportional activation of each motion based on EMG amplitude (8, 10) . Classification in its basic form only allows for the sequential activation of individual prosthetic functions. It is possible to extend this concept to combined motions (11) . However, this may reduce the classification accuracy and does not allow for independent velocity control of simultaneously activated DOFs.
Recently, regression-based approaches have been investigated for simultaneous and proportional myoelectric control (12) (13) (14) (15) (16) (17) . Regression does not map discrete movements but rather estimates a proportional activation for each DOF. This enables independent, simultaneous, and proportional control of all DOFs. For example, a prosthetic user can perform slow wrist rotation and fast hand opening simultaneously. Similar to classification approaches, labeled training data are required to train the regressor. Labels can be obtained by conducting bilaterally mirrored movements and measuring forces or kinematics on the intact side (18) . Alternatively, visual cues can be provided for the user to follow, which can be applied also for bilateral amputees (16) .
Despite research over four decades and very promising results in academia, the impact of machine-learning approaches on clinical practice is still limited. All major prosthetic manufacturers still rely on the conventional two-channel control; only one spin-off company (19) offers a classification-based controller as an add-on for various prostheses. The main reason for the limited transfer into clinical and commercial applications is the lack of robustness of advanced control approaches in real-world conditions (20) . High performance obtained under controlled conditions usually decreased substantially when factors-such as a change in arm position (21) , small electrode shifts (22, 23) , skin conditions (20) , a mechanical load due to the weight of the prosthesis (24) , or time between algorithm training and application (25)-were introduced. Most studies on machine learning-based myoelectric control were performed offline with recorded data, analyzing only a classification performance rate. Others were restricted to virtual control tasks, which exclude many robustness-related factors. Only a few studies evaluated classification-based systems with prosthetic users and in real prosthetic tasks. Almström et al. (26) evaluated a classificationbased system with five prosthetic users in 1981. Two of the participants were using the prosthesis at home, but no evaluation of the functional performance was conducted. The authors reported a strong degradation of the controllability due to fatigue and repetitive hardware failures of the prosthetic prototype.
Amsüss et al. (10) conducted functional laboratory tests with four prosthetic users and tested two classification schemes and the conventional control that each participant regularly used. The performance with the classification-based systems was in some cases better and in some cases worse than the conventional control. However, a fair comparison was not possible because the reduced DOFs and the additional training due to daily usage simplified the tasks for the conventional control schemes. Recently, Kuiken et al. (27) evaluated a classification-based system in a home study on three prosthetic users. In that study, three participants with amputation used a classificationbased prosthesis with seven functions and a customized classificationbased controller prototype. Functional tasks such as the Southampton Hand Assessment Procedure (SHAP) test (28) , the box-and-blocks test (29) , and the clothespin relocation test (30) were evaluated and compared with a conventional control approach. To the best of our knowledge, a similar study for regression-based control is not yet available.
In this paper, we evaluated a two-DOF simultaneous and proportional control approach based on linear regression (LR) on five individuals with transradial amputation or congenital limb deficiency, with a specific focus on the robustness under challenging conditions. By conducting physical tasks with a real prosthesis and in different arm positions and by testing the trained regression model on two different days, we included the relevant factors that can potentially degrade the performance in daily use. We further compared the regressionbased approach with two clinically well-established two-DOF control approaches [co-contraction control (CC) and slope control (SC)]. The performance was evaluated in the standardized box-and-blocks and clothespin relocation tests, with the latter extended to three different arm positions. We hypothesized that the LR approach (i) outperformed conventional control, (ii) was degraded when evaluated on a second day with the model trained on the first day, and (iii) was sensitive to arm position changes.
RESULTS
The regression-based (LR) and the two conventional control techniques (CC and SC) were evaluated in functional tasks. The performance in the clothespin relocation test for the five participants (one panel each) is provided in Fig. 1 , with significant post hoc test comparisons marked (significance level P < 0.05 after Bonferroni correction). The left part in each panel shows the pooled results across all arm positions, whereas the right part shows position-specific results. Figure 2 shows the results of the box-and-blocks test, during which only the DOF "open/close" was required (significance level P < 0.05 after Bonferroni correction). For intuitive comparison with the clothespin relocation test, the outcome measure was converted into average time per block. Significant post hoc test comparisons are marked.
Simultaneous control outperforms conventional control
Considering the position-pooled results of the clothespin test, in which both DOFs were needed, four of the five participants performed significantly better, with LR evaluated on the first day than with CC. The median time for transferring the three pins with LR was 12 to 22 s (participant medians; average, 18.6 s). With CC, the participants required 20 to 80 s (average, 37.4 s). Only for participant 4, there was no statistically significant difference between LR and CC. In comparison with SC (16 to 30 s; average, 21.8 s), two participants performed significantly better with LR, and the other three performed equally well. When directly comparing the two conventional methods SC and CC, four participants performed significantly better with SC; for one participant, there were no significant differences.
In the box-and-blocks test, the performance in a one-DOF task was evaluated (Fig. 2) . Because the control is locked in a single DOF in CC, the participants tended to perform best with CC in this task, as expected. When evaluated on the first day, LR performed significantly worse than CC for two participants and significantly worse than SC for one participant. However, on the second day, there was no significant difference between LR and CC for any of the participants, and LR performed significantly better than SC for two participants. When directly comparing SC and CC, two participants performed significantly worse with SC. Movie S1 shows the tests for the different control methods.
Simultaneous control is robust against donning/doffing and session transfer When LR was evaluated on the second day without retraining the model, the performance did not degrade in comparison with the first day in any of the tests. In the clothespin test, there was no significant performance difference between the two LR sessions in any of the participants (LR second day: median times, 11 to 21 s; mean, 16.6 s).
In addition, in the box-and-blocks test, the performance did not decrease from the first to the second session in any participant. Instead, the performance increased significantly for one participant. Participant 1 conducted the box-and-blocks test only in the second session because of fatigue in the first session caused by substantial amount of time spent adjusting the socket and testing the signal quality.
Simultaneous control is relatively robust against arm position change Considering the effect of changing arm position in the clothespin test, SC showed the highest robustness, with no significant differences between the three positions for any participant. For LR, three participants showed no significant differences between arm positions, but two participants performed significantly worse in the upper arm position. CC was the approach most influenced by the change in arm position, with three participants performing significantly worse in some arm positions.
The number of dropped pins was generally low (Table 1) . Depending on the control technique, between 0.73 and 1.47 pins were dropped on average in the 10 repetitions (30 transferred pins). There were no significant differences among methods or arm positions for any of the participants except for participant 2, who dropped a significantly higher number of pins with LR1 than with CC, particularly in the upper arm position.
DISCUSSION
We evaluated a regression-based simultaneous and proportional myoelectric control technique (LR) in comparison with two well-established conventional techniques (CC and SC) on five prosthetic end users. The evaluation was based on the standardized clothespin relocation and the box-and-blocks tests. The clothespin relocation test was extended to three arm positions to investigate the impact of this factor on the performance. With LR, the participants generally performed better than or similarly to the two tested conventional techniques.
LR was evaluated in two sessions, with a regression model trained in the first session only. We expected a degradation in performance due to donning and doffing, because it was previously reported for classificationbased control in offline (25) and online (31) applications as well as for offline regression-based control (23) . However, in the current online study, we did not observe any performance degradation of the regression-based control in the transfer session. Because we evaluated the performance only online, we cannot establish whether the regression model itself was robust against the factors related to the session transfer or whether there was a degradation of the model that could be compensated by the user, as shown recently for signal degradation due to noise (32) . However, none of the users reported feeling any difference in control on the second day or actively compensating for any changes. It remains to be shown whether the trained regression model is stable over a longer period, such as several months. If needed, the controller could be retrained in less than 3 min, if a recalibration function were included in the controller.
Degradation of performance due to a change in arm position was previously shown offline for classificationbased (21) and regression-based (33) control. In our study, the change in arm position degraded the performance with LR only in two of the five participants. This could indicate that the effect of arm position is less problematic when evaluated online because the user can correct for shortcomings of the control algorithm, as indicated also in (23) . Unexpectedly, the conventional CC was more influenced by the arm position change than LR. This was in accordance with the statement from a participant, who reported to have similar problems while using CC with his own prosthesis in daily life.
In most studies on advanced myoelectric control, CC is referred to as the clinical state of the art. However, SC is another equally well-established technique, being the standard setting in the MyoRotonic control unit (Otto Bock Healthcare GmbH, Duderstadt, Germany), in which all four functions are directly accessed without mode switching (similar to the classification-based approach). Although simultaneous motions cannot be conducted with SC and the absolute performance was often still below our proposed LR approach, the participants performed significantly better with SC than with CC and the control was robust to arm position change. Therefore, we believe that SC deserves more attention as a clinically established baseline technique when evaluating novel myoelectric control approaches.
The LR approach, on the other hand, offers a much higher functionality compared with the two conventional approaches. Both DOFs can be actuated simultaneously, and their velocity can be controlled independently. Moreover, it allows a smooth transition between motions as in natural hand motions. We observed that some of the participants used this feature in the clothespin test, for example, initiating a wrist rotation before the hand was fully opened when releasing the pins. The fact that the performance with LR in the box-and-blocks test was comparable to those of conventional control techniques indicates that the additional functionality offered by LR did not complicate the control in tasks that required only one DOF (i.e., very few false activations of the second DOF). It is not possible to investigate correlations between participantspecific factors such as the type of limb deficiency (amputee versus congenital) or length of the residual limb and performance due to the small sample size. However, the short residual limb and the fact that only four, instead of eight, electrodes were applied in participant 2 may have contributed to the relatively large influence of arm position in this participant. Moreover, the participant with the best performance in LR (participant 1) had the most experience with advanced control (mainly classification-based control). It is likely that this experience was transferred to the regression-based control. A similar training effect is likely present for the type of control used in daily life by the participants. Two of the three participants who performed equally well with SC as with LR (participants 2 and 4) use SC in their conventional daily life prostheses. Thus, they had substantially more training with SC than with the other methods. An additional potential training effect relates to the bilateral participant 4, who uses CC in one of his conventional daily-use prostheses. Among the five participants, he showed the best performance with CC.
One user decided to stop the experiment on the first day of the experiment before conducting the box-and-blocks test because of fatigue. However, this was due to the time needed for the final adjustments to the socket that required repetitively testing the signal quality during contractions. The socket tuning was not associated to a specific control method but related to the signal quality needed for all methods. We did not investigate the degree in which different control methods induced fatigue, but with comparable adjustments of the gain factors and thresholds, we would not expect a higher level of fatigue in LR than in conventional control.
Although standardized performance metrics were used, a comparison with other studies is difficult due to different experimental conditions (e.g., number of available DOFs) and the very large interparticipant variations that were observed within this study. With the classificationbased control evaluated in (27) , the three participants required 54.9 to 99.4 s (mean, 73.1 s) to transfer three pins in a first session, which is substantially longer than the times observed with our LR approach (LR1, 13.4 to 24.1 s; mean, 20.5 s). However, their prostheses allowed the control of seven functions compared with four in our case, which may render a reliable control more difficult. After a home-use period of at least 4 weeks, their performance improved to 14.1 to 37.6 s (mean, 24.2 s), which is still longer than we observed for LR (LR2, 10.9 to 21.5 s; mean, 17.6 s) but underlines the importance of longitudinal user training. In (10) , where two different classification-based approaches with five to seven prosthetic functions (depending on the participant) were evaluated, the participants required about 10 to 50 s (mean, ca. 22 s) to move three pins in the clothespin test. This is a range similar to our LR approach, but the study included only participants who were experienced with classification-based control approaches and participated in a longitudinal training program for repeatable EMG patterns before the experiments. It is expected that with such a longitudinal training, the performance of our LR approach will improve.
A limitation of the applied control technique as well as of most other machine learning-based approaches is that the users need to be able to generate at least four different signal patterns. In our study, five of the eight screened individuals immediately fulfilled this condition without any rehabilitation training. With a specific longitudinal training, such as proposed in (10), the number of individuals who could benefit from our approach would most likely increase.
The overall feedback on the LR control from the participants was very positive. The users found the control very intuitive and esteemed the fact that they did not need to switch between functions or concentrate on the slew rate of their EMG signals. In future work, we will investigate the range of motion and the extent of compensatory motions depending on the controller. . LR was robust across sessions, and its performance was similar to or better than the conventional control systems in the second day, although only one DOF was needed. n.a., not applicable. 
Conclusion
In this study on five individuals, we demonstrated the feasibility of robust simultaneous and proportional prosthetic hand control, even under challenging conditions. The proposed two-DOF regressionbased approach outperformed two clinically and commercially wellestablished control techniques, which confirms our hypothesis 1. No performance degradation was observed when the regression model was trained on the first day and tested on a second day, which surprisingly disproves hypothesis 2. This shows that this rather common pattern recognition problem does not apply to the presented method or that the degradation in the mapping could be fully compensated by the users. Hypothesis 3 is only partly confirmed, because the impact of changing arm positions was relatively weak (significant only in two participants) and less than in conventional co-contraction-based control. Besides better performance scores, the regression approach is more natural and more flexible, because all functions can be accessed intuitively and in combination, with their velocities being independently controlled. The regression-based control approach, therefore, has a high potential for successful transfer into clinical use. In the future, the LR approach should be evaluated over a longer period in daily life and on 
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more users. In addition, a direct comparison with a classification-based approach and a more systematic evaluation of user satisfaction by questionnaires would provide further relevant information for translational work in myocontrol.
MATERIALS AND METHODS

Equipment, screening, and setup preparation
We recruited individuals with transradial amputations or congenital limb deficiencies. All candidates first participated in initial screening, in which eight equally spaced EMG sensors were attached circumferentially on their residual forearm at the level of the largest diameter. An intuitive graphical real-time representation of the root mean square signal of the eight channels was provided to the candidate and the experimenter, while the candidate was asked to perform various contractions with the residual muscles. All candidates with amputation reported vivid phantom representation of the missing hand and were motivated to conduct various phantom limb motions. The candidates with congenital limb deficiency were asked to move their residual wrist joint in different directions. On the basis of visual inspection, we included candidates that were able to generate four different EMG amplitude patterns. In total, eight candidates were screened, and five of them were included in this study. Two had a transradial amputation, and three had a congenital limb deficiency. An overview of the participants' characteristics is given in Table 2 . The experiments were performed in accordance with the Declaration of Helsinki and approved by the local ethics committee (Ethikkommission der Universitätsmedizin Göttingen). All participants gave their written and oral informed consent before participating in the study.
For each participant, a customized experimental prosthetic socket was built. The construction process was based on well-established techniques for conventional prosthesis fitting. A plaster negative of the residual limb was taken, which was used to form a plaster positive from gypsum. Eight dummy electrodes were fixed on the positive mold on the targeted electrode positions (equally spaced at the level of the largest diameter). The final inner socket was built from thermoplastics using deep drawing. Eight conventional electrode modules (13E200, Otto Bock) were integrated into the socket, except for participant 2, for whom only four electrodes were integrated because of the relatively short and thin residual limb. A two-DOF prosthesis (grasping and rotation) was used (DMC hand with electric wrist rotator, Otto Bock). The prosthetic hand was mechanically connected to the inner socket either by a conventional outer socket (participants 1 and 2) or by a customized adapter that directly linked to the inner socket (participants 3 to 5).
Regression-based simultaneous and proportional control LR-based simultaneous and proportional control was implemented with a customized embedded system based on an Atmel AT-XMEGA32-A4U 8-bit microcontroller (MC) clocked at 32 MHz. The EMG envelopes of the eight electrode modules were digitized by the internal analog-to-digital converters of the MC. To interface the grasp function of the prosthesis, we generated two analog signals emulating the electrodes in conventional one-DOF application with the internal pulsewidth modulators of the MC and external RC filters. To control the rotation in a proportional way, we applied an external motor driver (LV8548MC, ON Semiconductor).
For training, the embedded system was connected via an isolated universal serial bus (USB) bridge to a PC (Fig. 3) . Supported by a real-time visualization of the EMG envelopes, the participant and the experimenter selected four muscle contractions to be mapped to the four prosthetic functions. The criteria to select suitable patterns were (i) dissimilarity, (ii) repeatability of the EMG patterns, and (iii) intuitiveness of the contraction. For all five participants, wrist flexion and extension were used for opening and closing the prosthesis as in conventional control. In all congenital participants, ulnar and radial deviations were used for prosthetic pronation and supination. Both participants with amputation used the phantom motions pronation and little finger flexion for the rotation function of the prosthesis. PC-based training of the regression algorithm and the user was conducted on the basis of the protocol developed in (34) . The participants first performed a series of contractions after visual cues and without any feedback to record calibration data to train the algorithm. In particular, the participants were asked to follow trapezoidal contraction profiles with a ramp-up phase (3 s), a static contraction phase at a strong but comfortable level (2 s), and a ramp-down phase (3 s). In total, three runs of training data were collected, where each run consisted of one profile for each of the four motions and 8 s of rest. The collected data were used to train a linear mapping model W from the eight-dimensional EMG envelopes x to the two-dimensional control signal ŷ
The <8 × 2> dimensional coefficient matrix of the mapping W was obtained with ordinary LR, that is, by minimizing the mean-squared error. If X and Y are matrices with the collected training data and labels, respectively, the solution is given in closed form by Eq. 2. For the labels, we relied on the visual cues that were given to the user during the recording.
A position control scheme was implemented to enable real-time control over a cursor within a two-dimensional coordinate system on the computer screen. Without contraction of the residual muscles, the cursor remained in the central of the screen. The stronger the user contracted, the further the curser moved away from the center. Each direction corresponded to one of the four chosen phantom movements. As shown previously (13) , although only noncombined motions were included in the calibration data, combined motions could be estimated with the linear mapping function (Fig. 4A) . In this case, the cursor moved diagonally, and its angle depended on the activation ratio of the two active contractions. After brief familiarization (<5 min), a systematic evaluation of the control capability was conducted using a computer game (Fig. 3B) . Circles appeared in a random order in predefined positions (8 equally spaced targets at 50% contraction level and 16 targets at 80% contraction level). For each circle, the user was asked to move the cursor into the circle (radius, 15%) and remain inside the circle for 1 s. Between two targets, a "rest" target appeared at the origin and forced the user to relax. For participants 1 to 3, one run of co-adaptive learning was conducted in which the mapping coefficients were adapted continuously (i.e., every 40 ms) while playing the game. To avoid undesired adaptation for targets that could be reached with the current regression model, we started adaptation 5 s after the appearance of each target. For details on the calibration procedure and the co-adaptive learning, we refer to our previous study (34) . Participants 4 and 5 did not conduct the coadaptation runs because they could not maintain the contractions for stable algorithmic adaptation.
After training the algorithm and the user, the regression model was uploaded to the embedded system and used to control the prosthesis instead of a virtual cursor. As in conventional control, the prosthesis was controlled in velocity control mode. The stronger the user contracted, the faster the prosthesis moved. At relaxation, the prosthesis did not move back to a neutral position but remained in the current position. The mapping was instantaneous, and the update rate of the embedded system was set to 25 Hz; that is, every 40 ms, a new output was generated. Because of the conventional EMG electrodes that provide the conditioned EMG envelopes as outputs, no windowing or feature extraction was required. The additional latency introduced by our controller was far below the recommended maximal delay of 200 to 300 ms (35) and was not noticed by any of the users.
To fine-tune the velocity of the prosthesis, allowing for more precise control, and to reduce the risk of undesired prosthesis actuation, we individually adjusted two thresholds for each of the four prosthetic functions. The lower threshold determined the contraction level at which the prosthesis would start moving, and the upper threshold determined the contraction level at which prosthesis would move with maximum velocity. The procedure for adjusting the thresholds was as follows. After calibration and potential co-adaptation, the regression model and the default values of 10 and 100% for the lower and upper thresholds, respectively, were uploaded to the controller. We then asked the user to execute all four motions sequentially and at different velocities with the prosthesis while visualizing the real-time cursor in parallel. During these tasks, the user reported on the quality of the control, and the thresholds were adjusted to maximize functionality. For example, the upper threshold was decreased when the maximal velocity could be reached only with strong efforts, and the upper threshold was increased when it was difficult to execute slow movements. If a prosthetic function was continuously co-activated while a different, noncombined motion was intended, its lower threshold was slightly increased to reduce the risk of unwanted activations. The upper and lower thresholds were graphically visualized in the control panel. Thus, both the experimenter and user were fully aware of the applied thresholds. After adjustment, the applied range varied from user to user and between the different prosthetic functions. The ranges for the lower and upper thresholds across users were 10 to 30% and 60 to 150%, respectively. After a satisfactory setting was found, all parameters were saved on the EEprom of the MC and remained unchanged during the entire regression-based part of the experiment, including the second session on another day.
Conventional control techniques
Two well-established conventional control strategies, namely, CC and SC, were evaluated as reference methods. They are based on two EMG channels only, located on the extensors and flexors of the residual forearm. The same sockets as for the regression-based control were used, and the two electrodes with maximum EMG amplitudes during wrist flexion and extension were selected. For both reference methods, the commercially available MyoRotonic control unit Otto Bock was used and configured with the MyoSelect tool. Both methods allowed for proportional control: The stronger the user contracted the muscles, the faster the prosthesis moved or the higher the grip force in case an object was grasped. With both techniques, only one DOF could be controlled at a time. The selection of the active DOF (grasping or rotation) was specific for each method, as described in the following. Co-contraction control Conventional CC consists of a state machine that is locked either in the grasping state or in the rotation state (Fig. 4B) . In the grasping state, EMG activity in the extensor muscles opens and activity in the flexor muscles closes the prosthesis proportionally. To change the active state, the user performs a short and strong activation of both muscle groups at the same time. When the controller detects this co-contraction, the user is informed by an auditory signal about the state change. Then, activity of the extensor muscles supinates the prosthesis, and activity of the flexor electrode pronates it. With another co-contraction, the controller switches back into the grasping state.
The gain factors of the electrodes were adjusted by visualizing the EMG envelopes with the Otto Bock according to the guidelines of the conventional fitting process. A co-contraction can only be detected when initiated from rest (i.e., low activity in both EMG channels). In lifted arm positions, involuntary muscle contractions are present to compensate for the weight of the prosthesis. A baseline activation above the threshold for detecting the co-contraction could compromise the control if the electrode gain is set too high. Therefore, during calibration, the control was tested in all arm positions while monitoring the EMG envelopes with the MyoBoy, and the best compromise between a reliable detection of the co-contraction in all arm positions and a sufficient gain to reach a suitable speed was chosen.
Slope control
In SC, also known as rate coding, the two electrodes have the same functions as in CC (Fig. 4C) . For example, the electrode on the extensor muscles is used for opening and supination. However, the controller does not remain locked within one DOF. Instead, for each contraction, the rate of increase (slope) of the EMG envelope determines the type of motion. A slow change in EMG is mapped into opening/closing and a fast change into rotation. This is implemented with two thresholds and a timer. When the EMG signal exceeds the lower threshold, the timer is started. If the second threshold is also exceeded within 80 ms, then the prosthesis performs a rotation. Otherwise, grasp is performed.
Also in SC, the user needs to return to the rest state to change the active DOF. Therefore, the same problems as in CC, related to involuntary muscle contractions in challenging arm positions, arise when high gain factors are selected. Thus, the gains were optimized with the MyoBoy while testing the control in all arm positions.
Evaluation
To evaluate and compare the performance, reliability, and robustness of the investigated control strategies, we performed two standardized clinical tests. The first test was derived from the clothespin relocation test, in which three pins (10 N grip force) of the Rolyan Graded Pinch Exerciser are relocated from a horizontal to a vertical bar (30) . As outcome metric, the time to transfer all three pins was measured. This test required the use of all prosthetic functions (hand closing for grasping the pin, supination for displacement to the vertical bar, hand opening for releasing, and pronation for grasping the next pin). Because a change of the arm position has been reported to negatively affect performance, especially for advanced myoelectric control approaches based on classification (21) and regression (33), we included this factor in our evaluation. Unlike previous studies, the clothespin test was therefore performed in three different arm positions: down, frontal, and up (Fig. 3, C and D) . The participants performed the test in blocks of five repetitions for each arm position and repeated this procedure twice (i.e., 30 runs were measured for each method in one session).
The second test was the standardized box-and-blocks test (29) , which required the participant to transfer as many blocks as possible from one box to another in 60 s (Fig. 3E) . For this task, only the DOF opening/closing was required, and unintended wrist rotations would decrease the performance. Because the blocks could not be reached in all arm positions and to keep the experimental time within an acceptable range, this test was conducted with one arm position, which allowed the participants to access the blocks comfortably. For a better comparability with the clothespin test results, the outcome metric (blocks per minute) was expressed as the average time needed to transfer one block. Note that the statistical analysis provides the same results when conducted on the original metric.
EMG patterns may vary due to small shifts in electrode placement after donning and doffing the socket (22, 36) , changing skin conditions (20) , or time between training and testing (31) . Hence, if the patterns change with respect to the ones used for training the model, then the performance of machine learning-based myoelectric control techniques can substantially degrade over time (25, 31, 37) . For this reason, the regression-based simultaneous control was evaluated on two different days (second session typically 2 to 3 days after the first session), without retraining the regression model for the second test (LR2). The two conventional control techniques are not model-based and hence were only tested on one day.
The order in which the control techniques were evaluated was randomized to avoid a bias due to increased user experience with the experimental tasks. In addition, the order of arm positions for the clothespin relocation test was randomized but remained the same across methods within each participant.
Statistical analysis
The number of participants in this case series was not large enough for a robust statistical inter-user analysis. Therefore, results are reported for each participant individually. To estimate the effects between the conditions within each participant, we performed intra-user statistical analyses. Because the data were not normally distributed according to the Kolmogorov-Smirnov test, nonparametric tests were used. For the clothespin test, in the first analysis, one Kruskal-Wallis test per participant compared the time needed (30 trials per method) between the four methods-LR1, LR2, CC, and SC-ignoring the arm position. Upon significance (set to P < 0.05 for all analyses), Bonferroni-corrected post hoc Wilcoxon rank sum tests assessed the pairwise differences between methods. In the second analysis, for each method, one Kruskal-Wallis test per participant tested for an effect of arm position (10 trials per condition). Upon significance, pairwise post hoc tests were performed as described above. For the box-and-blocks test, the average time per block was analyzed with a Kruskal-Wallis test per participant (five trials per method) and related post hoc tests, as described in the first analysis step above.
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